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Abstract 

Background: An important and effective step in cancer treatment is understanding the clonal 

evolution of cancer tumors. Clones are cell populations with different genotypes, resulting from 

the differences in the somatic mutations that occur and accumulate during cancer development. 

An appropriate approach for better understanding a tumor population is determining the variant 

allele frequency with which the mutation occurs in the entire population. Bulk sequencing data can 

be used to provide that information, but the frequencies are not informative enough in identifying 

different clones and their evolutionary relationships. On the other hand, single-cell sequencing 

data provides valuable information about branching events in the evolution of a cancerous tumor. 

However, in the single-cell sequencing data, the total population of sequenced cells is naturally 

much smaller than bulk sequencing so it is not precise enough for calculating cell prevalence. 

Result: In this study, a new method called Conifer (ClONal tree Inference For hEterogeneity of 

tumoR) is proposed which combines aggregated variant allele frequency from bulk sequencing 

data with branch evolution information from single-cell sequencing data, in order to better 

understand clones and their evolutionary relationships. It is proven that the accuracy of clone 

identification is increased by using Conifer compared to other existing methods in both real and 

simulated data. Also, it is shown that the approach of Conifer in using single-cell sequencing data 

together with bulk sequencing data has reduced the possibility of cloning mutations with similar 

frequency but belonging to different clones. 

Conclusions: In this study, we provided an accurate and robust method to identify clones of tumor 

heterogeneity and their evolutionary history by combining single-cell and bulk sequencing data. 

Keywords: Heterogeneity of tumor, Clonal tree, Bulk sequencing, single-cell sequencing, 

Heterogeneity of tumor, Bayesian nonparametric model. 
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Background 

Genetic mutation is a major cause of abnormal cell growth and cancer. Although cancer cells are 

usually derived from one mutated cell initially [1] and therefore have shared mutated genes, new 

mutations may happen further in cancer development. In other words, the cancer cells in a tumor 

are not homogeneous and tumor genomic heterogeneity is already shown in many studies [1-3]. A 

tumor consists of different clones, where each clone is a set of cells sharing a common genotype 

inherited from a common ancestor [4]. For effective treatment of cancer, it is critical to diagnose 

clones of a tumor, to determine the development stage of cancer cells, and to identify early single-

nucleotide variants (SNVs) that have led to rapid cell growth and multiplications. Consequently, 

identifying tumor heterogeneity and its phylogenetic inference is an essential step in effective 

cancer treatment [5-7]. 

Sequencing of bulk data that focuses on DNA of mixture of thousands or millions of cancerous 

and/or normal cells is widely used for providing a mixed signal of variant allele frequencies 

(VAFs) for each somatic mutation. In order to discover the evolutionary history, bulk sequencing 

data needs deconvolution analysis [8], which often includes two subsequent deduction steps. At 

the first step, SNV clusters occurring together are deduced by deconvolving the mixed signal of 

the bulk sample [9]. Afterward, the evolutionary relationship between clusters is deduced by using 

SNV cluster frequencies [10]. However, in some methods such as PhyloWGS [11], these two 

inference steps are carried out jointly to avoid SNV clusters that are phylogenetically incompatible. 

In most tumor heterogeneity analyses based on bulk sequencing data such as PyClone [9], 

PhyloSub [12], Clomial [13], and AncesTree [14], it is generally supposed that SNVs with similar 

VAFs belong to the same clone, which means those SNVs have equal cellular prevalences.  

It is shown that in some cases only relying on frequencies observed in a bulk sample may not be 

enough to infer the evolutionary history, and taking multiple samples is required [8]. In addition, 

the assumption that SNVs with similar frequency belong to the same clone may be violated, since 

a tumor may be composed of clones with similar frequencies but different genotypes. Moreover, 

even though low-frequency SNVs are common in tumor diversity and play a decisive role in 

treatment, they may be ignored in the process of obtaining the prevalence of SNVs in bulk 

sequencing [15]. 
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To achieve higher resolution for inferring evolutionary history, single-cell sequencing was 

introduced, which allows direct acquisition of cell genotypes without the need to deconvolution of 

mixed signals [16-20], which resulted in reducing the possibility of ignoring low-frequency SNVs. 

In addition, single-cell information about co-occurred SNVs can be used to differentiate between 

clusters of SNVs with the same prevalences [21]. 

Single-cell sequencing is well used in methods such as SCITE [22], OncoNEM [23], and SiFit 

[24] to infer mutational phylogenetic trees, however, clonal frequencies are not reported in them. 

Furthermore, in SiCloneFit [25], a nonparametric Bayesian mixture model based on a Chinese 

Restaurant Process (CRP) is introduced to resolve the clonal genotypes and their evolution. 

The single-cell sequencing approach is costly and error-prone. False-positive errors occur due to 

the DNA amplification error, and false-negative errors occur due to the loss of one or both alleles 

(dropout). Furthermore, another type of noise may occur in data as a result of accidental 

sequencing of two or more cells. Moreover, in single-cell sequencing, the number of processed 

cells is significantly less than bulk sequencing, and also it is naturally inaccurate in calculating cell 

prevalences.  

Considering the advantages and disadvantages of bulk and single-cell sequencing data, the idea of 

utilizing both data types is incorporated in a number of studies, in order to reduce inaccuracies in 

each approach and consequently to achieve a better understanding of subclones in cancer tumors.  

ddClone [26] analyzes intra-tumor heterogeneity using single-cell and bulk sequencing data and 

proposes a probabilistic model based on the nonparametric Bayesian method to deduce tumor 

clones. The prior of the Bayesian method is obtained from single-cell data, and the likelihood is 

obtained from bulk sequencing data. However, ddClone does not infer tumor phylogeny and is not 

sufficient for understanding cancer tumor evolution. 

B-SCITE [21] is the first computational approach that infers tumor phylogeny from combined 

single-cell and bulk sequencing data. This probabilistic method searches for tumor phylogenetic 

trees to maximize the joint likelihood of the two data types. In this method, tree search is carried 

out with a customized Markov chain Monte Carlo (MCMC) search over the space of labeled trees 

[21]. 
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In this paper, we propose a new method Conifer, which incorporates both single-cell and bulk 

sequencing data to infer evolutionary histories of the tumors. Conifer provides clonal genotypes 

and phylogeny of clones, as well as cell population. We use single-cell sequencing data to resolve 

the challenge of identifying similar prevalent clones in the tumor and moreover, to resolve 

ambiguities in the phylogeny inference. On the other hand, we use bulk sequencing data in Conifer 

to reduce the negative effects of sampling biases and false-negative mutations. Conifer is the first 

method based on our knowledge that introduces tumor clonal trees using both single-cell and bulk 

sequencing data. 

Conifer is a Bayesian nonparametric model since clones and their evolutionary trees are not 

predefined, a tree-structure Chinese Restaurant Process (CRP) is used as a prior. To approximate 

the posterior of the Bayesian model, the particular MCMC algorithm that Conifer performs is a 

Collapsed Gibbs Sampling in which some of the latent variables are marginalized out to speed up 

the coverage of the chain. As a result, Conifer introduces a clonal tree in which each node 

represents the clonal genotypes that have occurred together and are shared between different cells. 

In nodes closer to the tree root, corresponding clonal genotypes are shared between more cells 

while by moving in the tree from the root towards its leaves, clones become more specialized to 

particular cells in those paths.  

We evaluated Conifer comprehensively on the various simulated dataset with different numbers 

of clone, bulk sample, and single-cell sample, etc. and compared it with best methods such as B-

SCITE [21] and ddClone [26] in the field, based on criteria like V-measure [27] and adjusted rand 

score [28] for evaluation of clone identification. Moreover, Conifer introduces the clonal 

evolutionary trees on simulated data which is significantly similar to the actual trees in different 

criteria like Common Ancestor Set Distance (CASet), Distinctly Inherited Set (DISC) [29], and 

Ancestor-Descendant accuracy [21] for various type of datasets. Also, on real cancer data, Conifer 

provides the evolutionary tree with good agreement with other evidence. Accordingly, Conifer has 

higher accuracy in clone identification and phylogeny inference than other existing methods in a 

robust way. 
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Results and Discussion 

In order to overcome the challenge of identification of clones with similar frequency in bulk 

sequencing data, and also the challenge of less accuracy of noisy single-cell sequencing data, 

Conifer combines both data types for inferring clonal phylogeny and its cell prevalence. 

Furthermore, a clonal tree is introduced by using the Bayesian approach and specifying a 

generative probabilistic model for hierarchical structure. In this clonal tree, each node is associated 

with a clone genotype which is a distribution on SNVs. 

 A single cell mutation profile is generated by choosing a path from the root to a leaf, and 

repeatedly sampling clones along that path, and sampling SNVs from the selected clones. This 

generative process uses the probabilistic graphical model shown in Fig. 1 . This model is described 

briefly in this section and more details about hyper-parameters and variables are provided in the 

Material and method section.  

Cell populations, which are collections of cells with almost similar genotypes, are provided by 

attaching cells to each clonal genotype at different stages of evolution. Conifer method clusters 

common SNVs in single-cell and bulk sequencing data and introduces the evolutionary tree of 

clusters. In Fig. 2, it is shown that how two datasets are connected to each other in order to infer 

the clonal tree. 

 
Fig. 1 Probabilistic graphical model of Conifer. 𝑐𝑑  and 𝑧𝑑 are path and level assignment generated by tree-structure 

CRP for mutations of the cell d . 𝑤𝑑  is the n-dimensional vector for SNVs which shows whether or not each site is 

mutant in cell d. 𝑉𝑑  is a vector that presents the distance of SNVs which is calculated by VAFs in different bulk 

samples. 
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As it is shown in Fig. 2a, single-cell data is represented as a matrix with rows and columns showing 

SNVs and cells, respectively, and each element indicating the presence or absence of 

corresponding SNV in a cell. Moreover, bulk sequencing is considered as a matrix in which each 

element presents VAFs related to SNV in different bulk sequencing samples (Fig. 2b). 

In Conifer method, it is assumed that SNVs with similar VAFs in different samples most likely 

belong to a common cluster, unless there is no single-cell profile that shows two SNVs co-

occurred. In fact, all co-occurred patterns in the single-cell profile are considered as the prior 

knowledge, therefore, with single-cell sequencing, a layout is defined for clustering. In Figure 2c 

the co-occurred patterns are shown as dashed rectangles. Afterward, the clonal tree is inferred in 

such a way that its root is a normal genotype (not mutated) and its nodes are clones with the 

possibility that a set of cell population can be attached to them. The technique of clustering and 

phylogenetic inference is described in detail in the Material and method section. 

 

Fig. 2 Schematic representation of combining single-cell and bulk sequencing data for clonal tree inference in Conifer 

method. a) n × m matrix in which each row and column represents SNVs and cell, respectively. White elements show 

no mutation and blue ones show mutation has occurrence. 1 and 0 with the red font show false-positive and false 

negative (drop-out events), respectively. b) n × b matrix that its rows are SNVs and its columns are bulk samples and Bij is variant allele frequency in bulk samples. c) co-occurred patterns of SNVs in single-cell profiles which are 

determined by dashed rectangles. d) the clonal tree and cell population attachment. 



 

8 

 

Performance on simulated data 

Since the clonal tree is not known for data of real cancer tumors, in order to evaluate the 

performance of Conifer method, a complete set of data is simulated and used. To simulate data, 

the idea of ddClone [26] and B-SCITE [21] studies are used. The simulated data covers various 

cell counts (50 and 100), number of clones (6, 10, 15, and 20), number of bulk sampling (1,2 and 

3), and types of errors in single-cell data. The clonal trees of tumor evolution are produced for 

each number of genotype clusters, and in each tree, the root node represents a healthy cell 

population, and SNVs are randomly distributed between other nodes. Details of the model and 

implementation are given in ddClone [26] and B-SCITE [21]. 

For evaluating the accuracy of clustering, the V-measure [27] and the adjusted rand score [28] 

criteria are used which are implemented in scikit-learn Python package 0.19.2. Their 

corresponding scores are between 0 and 1, which 0 represents random labeling independent of the 

number of clusters and 1 shows the accurate clustering. Moreover, the inferred clonal tree is 

evaluated by quantitatively comparing it with the actual tree. The common ancestor of all SNV 

pairs and also clustering sets (clones) are compared in Conifer and actual trees by assessing the 

CASet and DISC, respectively [29]. In addition to, the Ancestor-Descendant accuracy [21] is used 

for evaluation of Ancestor-Descendant relation in Conifer’s trees and actual trees. For presenting 

the accuracy of the methods on different criteria the plots were generated by Ggplot2 [30]. 

In order to measure method sensitivity respecting errors in single-cell sequencing data, different 

types of errors are examined that two most important ones are briefly stated as follows: 

● Assortment bias: which is a single cell sequencing error that occurs when genotypes of 

sampled cells do not properly represent the genotypic distribution of tumor cell population. 

To simulate assortment bias error in single-cell data, new genotype prevalence is obtained 

by sampling from a Dirichlet distribution with parameter λ on the average cell prevalence 

of bulk sequencing data. Large values of λ indicate less assortment bias and equivalently 

less difference between single-cell and bulk genotype prevalence. In this study, for 

measuring the sensitivity of Conifer method with respect to assortment bias, four sets of 

cells with different 𝜆 (𝜆 =1, 5, 10, and 1000) are simulated. 
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● Doublet: This type of error occurs in single-cell sequencing data when one or more single 

cells are placed together in a sequencing well, and consequently, their genotypes are mixed 

with each other, and the signal of a genotype shows a greater mutant locus than each cell 

trapped in the well. These are considered false-positive errors [26]. For considering this 

type of error while simulating the single-cell data with probability δ, it is unified with the 

next simulated cell. 

Clone identification accuracy: Accuracy of Conifer, ddClone, and B-SCITE methods in SNV 

clustering is evaluated and compared in Figures 3-6, for 100 clonal trees simulated with 6 and 10 

clones, 50 SNVs, 1 to 3 bulk sequencing samples with coverage 10,000, and 50 single-cell 

genotypes. Simulated single-cell data is generated with the following errors: the false-positive rate 

of 10−5, the false-negative rate of 0.2, the missing rate of 0.05, and the doublet rate of 0.2.  

According to Fig. 3 and with λ=1 and 10 clusters, Conifer has the mean V-measure of 0.95± 0.05 

which shows better performance in clustering than ddClone and B-SCITE with mean V-measure 

of 0.57± 0.11 and 0.84 ± 0.06, respectively. Additionally, the mean of adjusted rand score for 

Conifer is 0.86 ± 0.10 which outperforms both ddClone (0.26 ± 0.13) and B-SCITE (0.63 ± 0.14). 

 It is shown in Fig. 3 that by increasing the value of λ to 5 and 10, Conifer still has more accurate 

result with mean V-measure of 0.93 ± 0.04 and 0.94 ± 0.05 for λ = 5 and 10, respectively, 

comparing to the mean of V-measure of ddClone (0.55 ± 0.11 for λ=5, 0.53 ± 0.1 for λ=10) and 

B-SCITE (0.84 ± 0.06 for λ=5, 0.85 ± 0.07 for λ=10). In addition and according to the adjusted 

rand score, B-SCITE (0.64 ± 0.11 for λ=5, 0.62 ± 0.09 for λ=10) is more accurate than ddClone 

(0.24 ± 0.17 for λ=5, 0.22 ± 0.16 for λ=10) and Conifer (0.91 ± 0.3 for λ=5, 0.93 ± 0.1 for λ=10) 

is the most accurate one.  
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Fig. 3 Comparison of mutation clustering accuracy in ddClone, B-SCITE, and Conifer methods for 100 clonal trees 

simulated with 10 clones and 50 mutations. For λ = 1,5,10 and 1000. For single-cell data, 50 genotypes are extracted 

for each clonal tree. The number of bulk sequencing samples is 1 with coverage 10,000. The following errors are 

added to the single-cell set: the false-positive rate of 10−5, the false-negative rate of 0.2, missing rate of 0.05, and 

doublet rate of 0.2. 

 

For λ=1000 which indicates the least assortment bias used in this study, the resulted mean V-

measure and adjusted rand score in Conifer is 0.94 ± 0.06 and 0.91 ± 0.13, respectively. These 

measures for B-SCITE are 0.85 ± 0.03 and 0.61 ± 0.10 and for ddClone are 0.53 ± 0.05 and 0.23 

± 0.17, which again shows better performance of Conifer method. 

To examine the accuracy of the method for different numbers of clusters, it is changed to 6 clusters 

and the rest of the parameters are kept constant and clustering is repeated for all three methods. As 

it is shown in Fig. 4, while B-SCITE is more accurate than ddClone, Conifer has considerably 

outperformed both methods. 
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Fig. 4 Comparison of mutation clustering accuracy in ddClone, B-SCITE, and Conifer methods for 100 clonal trees 

simulated with 6 clones and 50 mutations. For λ = 1,5,10 and 1000. For single-cell data, 50 genotypes are extracted 

for each clonal tree. The number of bulk sequencing samples is 1 with coverage 10,000. The following errors are 

added to the single-cell set: the false-positive rate of 10−5, the false-negative rate of 0.2, missing rate of 0.05, and 

doublet rate of 0.2. 

 

Several bulk samples: To evaluate the efficiency of Conifer method in several bulk samples, 

different numbers of bulk sequencing data with 10000 coverage are generated. Since ddClone only 

considers one bulk sequencing sample, the results are only compared with B-SCITE. As it is shown 

in Fig. 5, with λ=1 and two bulk samples with coverage 10000, the mean V-measure for Conifer 

is 0.95 ± 0.06 which is much closer to the perfect clustering comparing to B-SCITE with the mean 

V-measure of 0.68 ± 0.09. Furthermore, the mean adjusted rand score of B-SCITE is 0.45 ± 0.13 

which is less than Conifer’s which is 0.86 ± 0.15. According to Fig. 5, Conifer method is still more 

precise than B-SCITE for other values of λ=5, 10, and 1000. 

Regarding the number of bulk samples, the quality of clustering is not change much for both 

methods by increasing the number of samples and with 3 bulk samples, Conifer remains more 

accurate than B-SCITE (Fig. 6). 
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Fig. 5 Comparison of mutation clustering accuracy in B-SCITE and Conifer methods for 100 clonal trees simulated 

with 10 clones and 50 mutations. For λ equals 1,5,10 and 1000. For single-cell data, 50 genotypes are extracted for 

each clonal. The number of bulk sequencing samples is 2 with coverage 10,000. The following errors are added to the 

single-cell set: the false-positive rate of 10−5, the false-negative rate of 0.2, missing rate of 0.05, and doublet rate of 

0.2. 

 

Clonal tree accuracy: In addition to clone identification, since the clonal tree is not provided in 

ddClone and on the other hand, B-SCITE is mainly designed to infer mutational tree, the accuracy 

of Conifer clonal tree is not compared to them. 

In Fig. 7, the CASet, DISC, and difference in Ancestor-Descendant are shown for 100 clonal trees 

simulated with 10,15 and 20 numbers of clone, 100 SNVs, 100 genotypes, and 3 bulk sequencing 

samples with coverage of 10000. Simulated single-cell data is generated with the following errors: 

the false-positive rate of 10−5, the false-negative rate of 0.2, missing rate of 0.03, and doublet rate 

of 0.2. For λ=1, the mean CASet distance which is related to common ancestor for 10, 15 and 20 

clones are 0.063 ± 0.079, 0.06 ± 0.075 and 0.056 ± 0.082, respectively. The DISC distance values 

for 10 ,15 and 20 clones are 0.044 ± 0.052, 0.042 ± 0.039 and 0.043 ± 0.045, respectively which 

in both cases are smaller than CASet distance. Also the difference in Ancestor-Descendant for 10, 
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15 and 20 clones are 0.069 ± 0.090, 0.046 ± 0.064 and 0.035 ± 0.053, respectively. It is worth 

mentioning that increasing the value of λ (to have less assortment bias) has no significant effect 

on these distances. As a result, the low value of distance criteria from the actual tree indicates the 

high accuracy of Conifer in tree inference. 

 

 
Fig. 6 Comparison of mutation clustering accuracy in B-SCITE and Conifer methods for 100 clonal trees simulated 

with 10 clones and 50 mutations. For λ  equals to 1,5,10 and 1000. For single-cell data, 50 genotypes are extracted for 

each clonal tree. The number of bulk sequencing samples is 3 with coverage 10,000. The following errors are added 

to the single-cell set: the false-positive rate of 10−5, the false-negative rate of 0.2, missing rate of 0.05, and doublet 

rate of 0.2. 
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Fig. 7  The clonal tree distances of Conifer for 100 clonal trees simulated with 10,15 and 20 clones with 100 mutations 

For λ = 1,5,10 and 1000. For single-cell data, 100 genotypes are extracted for each clonal tree. The number of bulk 

sequencing samples is 3 with coverage 10,000. The following errors are added to the single-cell set: the false-positive 

rate of 10−5, the false-negative rate of 0.2, missing rate of 0.03, and doublet rate of 0.2.  

 

The present of CNV: Conifer assumes that SNVs are obtained from the copy-number-neutral 

regions and the VAFs are not affected by copy number alterations. However, Conifer is still robust 

to alteration of CNV, on account of the fact that single-cell sequencing data is also used for clone 

identification and tree inference. To examine the accuracy of tree inference in presence of CNV in 

Fig. 8, it is assumed that 15 percent of SNVs are selected from copy number change regions. For 

different numbers of Clones and various values λ Conifer is quite robust according to this effect 

and the average of CASet, DISC, and Ancestor-Descendant-diff criteria increased slightly which 

shows a slight decrease in the accuracy. 
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Fig. 8  The clonal tree distances of Conifer for 100 clonal trees simulated with 10,15 and 20 clones with 100 SNVs 

for λ = 1,5,10 and 1000. 15 percent of SNVs are selected from copy number change regions. For single-cell data, 100 

genotypes are extracted for each clonal tree. The number of bulk sequencing samples is 3 with coverage 10,000. The 

following errors are added to the single-cell set: the false-positive rate of 10−5, the false-negative rate of 0.2, missing 

rate of 0.03, and doublet rate of 0.2.  

 

Performance on real data: Conifer performance is further evaluated on real data of a patient 

(CRC2) with colorectal cancer which is provided in the study of Leung [31]. The noteworthy point 

in this dataset is the existence of two bulk sequencing data of primary and metastatic tumors 

together with single-cell sequencing data.  

For CRC2 patient, 182 cells are sequenced from the primary colorectal and liver metastatic tumors. 

The number of SNVs which are reported by the original study is 36. Genotypes reported as binary 

values indicate the presence or absence of mutation in an SNV locus. In this study, cells with no 

mutation are eliminated and 25 SNVs and 86 cells are considered for CRC2 patient.  

The clonal tree of this dataset inferred by Conifer is shown in Figure 9. Each branch in the tree 

represents the mutation profile of one or a set of cells, and each clone is a set of mutations that 

have occurred in a branch and their VAF frequency in different bulk sequencing samples are 

similar. 
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Conifer method introduces a tree with 7 nodes (clones) so that the root node is for the non-mutant 

genotype (C1) and two nodes C2 and C3 are its descendants. C2 is a cluster that contains somatic 

mutations (SPEN_1, NR3C2, EPHB6, ATR). It is different from primary and metastatic tumor 

clones and has a separate branch in the clonal tree. This clone and its separated branch are also 

mentioned in the original study of Leung [31]. C3 is the first evolved clone from healthy cells and 

has nine mutations, including tp53 which is a tumor suppressor gene. The cell population CP3 is 

attached to C3 clonal genotype. 

 In the evolutionary process after C3 clone formation and before tumor metastasis, C4 clone is 

formed with mutations (CHN1, ATP7B, APC: 1, LRP1B) and CP4 cell population. This clone is 

introduced as a result of VAFs similarity and mutation occurrence in one single cell profile. In the 

original study of Leung [31], SCITE method [22] is used to infer the evolutionary tree of mutation, 

and two distinct branches for metastatic cells are reported based on single-cell sequencing data, 

assuming that the mutations are not lost during evolution. 

Based on both bulk and single-cell sequencing data, Conifer method shows that a group of cells of 

the primary clone C4 has migrated to the liver, and this migration has occurred only once. Conifer 

concludes that the migrated cells are subjected to the FUS mutation in the liver creating a clone 

called C5 and then evolved into two separated branches. The reason that Conifer represents the 

FUS mutation as a separated clone is that although the FUS mutation should belong to the C6 

clone considering neighboring mutations with close frequencies based on single-cell data, as the 

VAF is not similar to other mutations in that clone (NR4A3, HELZ, TSHZ3), a separated cluster 

is created. As it is shown in Figure 9, Conifer concludes that in addition to the C6 clone, the C5 

clone is also the ancestor of the C7 clone, which can be explained by the false positives that 

occurred in the profile of eight cells. In fact, it indicates the possibility of co-occurrence of FUS 

mutation with mutations of C7 (SPEN_2, F8, LAMB4). 
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Fig. 9 Clonal evolution tree for CRC2 patient tumor data. For each SNV, three numbers are reported, from left, the 

first and second numbers are the VAFs in colorectal tumor bulk sample and metastasis liver bulk sample, respectively, 

and the third number is the frequency of that SNV in the single-cell sequencing data 

Comparison of Conifer inferred tree and the clonal tree introduced in SiCloneFit [25], which is 

based on only single-cell sequencing data, shows some worth-mentioning differences. In 

SiCloneFit [25] two “IL2IR” and “APC: 2” mutations are co-occurred in the first clone of the 

primary tumor. On the contrary and according to the similarity of those two mutations VAFs, 

Conifer concludes that they belong to the second clone of the primary tumor. Additionally, the 

clonal tree introduced in SiCloneFit [25] for CRC2 patient represents polyclonal seeding. In other 

words, it shows the existence of two distinct branches for metastasis. In fact, in SiCloneFit it is 

concluded that two distinct groups of cells with different mutations have migrated from the 

primary clone and formed two independent metastatic clones, and the FUS mutation has occurred 

in both of them independently and during two different evolutionary processes. The Conifer 

inferred tree in which the creation of FUS mutation occurs only once and before the branching 

which happens after migration, is more likely to be correct as the VAFs of FUS mutation in the 

metastatic sample (29.1) is approximately equal to the total mean VAFs of C6 (2.36) and C7 

(27.56). A recent study that proposes a method named SCARLET [32] also shows monoclonal 

seeding by investigating changes in copy number variation of single-cell sequencing data, which 

validates the Conifer tree. 
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Conclusion 

In this study, a new reliable and effective method named Conifer is introduced for reconstructing 

tumor clonal tree by combining single-cell and bulk sequencing data, which can potentially play a 

crucial role in effective cancer treatment. Conifer provides a generative nonparametric model for 

clone identification and its evolutionary relationship based on single-cell and bulk sequencing data 

by considering finite site assumption.  

Conifer method has the distinctive feature of simultaneously identifying both clones and 

phylogenetic tree by combining bulk and single-cell sequencing data. Each tree branch contains 

mutations of one or more cells, and their common clones are obtained by the VAFs similarity of 

them in different bulk sequencing samples. Moreover, clones with genotypes that are common in 

more cells are closer to the root of the Conifer inferred tree. 

In order to evaluate the performance of Conifer method, comprehensive sets of single-cell and 

bulk sequencing data are simulated with varying numbers of SNVs, cells, bulk samples, and 

clones. Additionally, a wide range of error rates, assortment biases, and doublets are considered. 

By studying simulated datasets, it is shown that Conifer is more accurate than other existing 

methods on different criteria for evaluation of clone identification and clonal evolutionary tree. 

For assessing Conifer performance on real datasets, data of a patient with colorectal cancer is used. 

In this investigation, Conifer provides the genotype of clones, cell population, and clonal tree by 

considering combined single-cell and bulk sequencing data of the primary and metastatic tumors. 

In the obtained clonal tree, the evolutionary stage in which the metastasis has occurred is clearly 

identified.  

In conclusion, Conifer provides the clonal tree of tumor heterogeneity by combining single-cell 

and bulk sequencing data which the former is used for resolving the challenge of identifying 

similar prevalent clones that co-occur in the tumor and also resolving the ambiguities of phylogeny 

inference, and the latter is used to reduce the effects of false-negative rate and sampling biases. In 

addition to resolving these challenges, Conifer provides higher accuracy than other existing 

methods in clone identification and phylogeny inference. 
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Material and method 

Conifer provides a Bayesian nonparametric model for inferring clonal trees without any 

knowledge of clones or their evolutionary tree. In fact, as a prior of this Bayesian nonparametric 

model, the nested CRP introduced in the study of Blei [33] for defining a “hierarchical topic 

model” is used with some modifications. In addition, inference of posterior distribution is 

performed by the MCMC method for approximating distributions over trees, clones, and SNVs 

allocations. Moreover, the posterior samples of SNVs level allocations for Gibbs sampler are 

summarized by the Maximum Posterior Expected Adjusted Rand (MPEAR) method [34]. The 

main components of Confier method are briefly explained below.  

Hierarchical topic model: The objective of the hierarchical topic model in the study of Blei [34] 

is identifying subsets of words that co-occur within documents as topics and arranging them into 

a tree in such a way that more general topics are near to the root. Moreover, a document is a path 

in the tree, which is generated by the topics that appeared on it.  

Nested CRP: It is a process for providing a prior on tree topologies without any limitation on its 

width and depth. To understand nested CRP, the Chinese Restaurant Process (CRP) should be 

defined first. The CRP is a stochastic process for introducing the distribution of customers, which 

sequentially enter a restaurant with infinite tables and sit at a randomly selected table. The resulted 

in sitting plans represent customer clustering. The nested CRP is an extended CRP in which instead 

of having only one restaurant, it is assumed that there are infinite numbers of Chinese restaurants 

with infinite numbers of tables. A restaurant is selected as the root in which on each table, there is 

a card with the name of the restaurant that those who are sitting on that table should go to the next 

night. In fact, as each restaurant is referred to only once, so they show a tree structure. Therefore, 

the nested CRP provides a prior on tree topologies and each node of the tree provides a CRP over 

its descendant.  

Distance dependent CRP: This process provides a class of distributions over partitions and allows 

different dependencies between data. In order to consider different dependencies, distance-

dependent CRP joins customers to other customers, instead of sitting them at different tables. It 

implies that if two customers have access to each other through a series of customer connections, 

then they are sitting at the same table. For representing customer connections, a graph is defined 

in which nodes and edges represent customers and their connections, respectively. In order words, 
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if 𝑐𝑖 is the index of a customer joining the customer 𝑖, then the binary (𝑖, 𝑐𝑖) is the directional graph 

edge. The clusters are defined according to connected components in this similarity graph. 

additionally, 𝑙(𝑐) indicates the label of the cluster for each customer.  

Conifer model description: Following the hierarchical topic model idea, SNVs, clones, and 

clonal tree in Conifer method correspond to words, topics, and topic hierarchy, respectively. In 

addition, a single cell profile corresponds to a document that is generated by the clones on a path 

in the tree. In fact, each clone, which is a node in the tree, is a probability distribution on the SNVs, 

and a path is an infinite set of them. In Conifer, the nested CRP model is extended in such a way 

that instead of ordinary CRP, distance-dependent CRP [35] is used in each node of the tree to 

define prior over its descendant.  

Introducing a clonal tree in Conifer is based on identifying single-cell mutation profiles on the 

paths generated by the nested CRP. Conifer introduces a two-dimensional generative model that 

firstly, defines nodes as probability distributions over SNVs and secondly, defines a probability 

distribution on a set of nodes on each path in the tree. Using notation of Baldassano’s study [36] 

for connectivity clustering model, Conifer’s generative model is described as follows: 𝑐𝑑 ~ 𝑛𝐶𝑅𝑃(𝛾)       for each column in matrix M (each cell) 𝑑 ∈ {1, … , 𝑚} (1) 𝑧𝑑 ~ 𝑑𝑑𝐶𝑅𝑃(𝜂, 𝑓, 𝑡, 𝑉𝑑 )    (2) 

  𝐴𝑙1,𝑙2 , 𝜎𝑙1,𝑙22  ∼  𝑁𝑜𝑟𝑚𝑎𝑙 − 𝐼𝑛𝑣𝑒𝑟𝑠𝑒 − 𝜒2 (µ0 , 𝜅0, 𝜎02, 𝜈0) (3) 𝑉𝑑,𝑖𝑗~𝑁𝑜𝑟𝑚𝑎𝑙(𝐴𝑙(𝑧)𝑖 ,𝑙(𝑧)𝑗 , 𝜎𝑙(𝑧)𝑖 ,𝑙(𝑧)𝑗2 ) (4) 

𝑓(𝑡𝑖𝑗 ) = exp(−𝑡𝑖𝑗  + 𝑎)(1 + 𝑒𝑥𝑝 (−𝑡𝑖𝑗  + 𝑎) ) 
(5) 

  𝛾 ∼  𝐺𝑎𝑚𝑚𝑎(𝜅𝛾 , 𝜃𝛾)  𝜂 ∼  𝐸𝑥𝑝𝑜𝑛𝑒𝑛𝑡𝑖𝑎𝑙(𝜆𝜂)  𝑎 ∼  𝐸𝑥𝑝𝑜𝑛𝑒𝑛𝑡𝑖𝑎𝑙(𝜆𝑎)  

Suppose M is a 𝑛 × 𝑚 matrix in which each row and column represents SNV and cell, respectively 

and its elements with a value of zero show that no mutation has occurred in the corresponding 

position, while value of one means that the mutation has occurred. 
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In addition, 𝐵 is a 𝑛 × 𝑏 matrix that its rows are SNVs and its columns are bulk samples and 𝐵𝑖𝑗 

is a variant allele frequency that corresponds to the ith  SNV  in the jth bulk sample. Also, 𝐵𝑑 is a 

submatrix of 𝐵 which is formed by selecting rows of matrix 𝐵 corresponding to the mutant loci in 

cell d. Also, 𝑉𝑑,𝑖𝑗 is the observed connectivity between 𝑖 and 𝑗 loci which is obtained by the 

Euclidean distance of the ith and jth rows in 𝐵𝑑 submatrix. 

In this model, 𝑐𝑑 is a tree-structure path generated by nested CRP with a parameter γ following the 

Gamma distribution for n mutations of the cell d and 𝑧𝑑 is the level assignment for cell d which is 

generated by a distance-dependent CRP. It should be noted that in 𝑧𝑑 nodes are ordered according 

to their mean VAF value. In other words, for each node the higher the mean VAF value, the lower 

the level number (see Fig. 10). 

 

 
Fig. 10 Sample level and path for SNVs of cell d  

 

Moreover, 𝜂 is the model parameter following exponential distribution and controls the self-loop 

in the connectivity graph, and is similar to the probability of selecting a new table in the CRP 

model. The decay function is represented by 𝑓 and 𝑡 is a 𝑛 × 𝑛 matrix and 𝑡𝑖𝑗 denotes the co-

occurrence of two mutations on different cells divided by the total number of cells. In addition, 𝐴 

denotes the connectivity strength with scalar prior mean µ0 and precision 𝜅0 for two 𝑙1 𝑎𝑛𝑑 𝑙2 

clusters, and 𝜎2 is their connectivity variance, with scalar prior mean 𝜎02 and precision 𝜈0 and 

determines the size of clusters. The smaller variances result in smaller cluster sizes. 𝐴 and 𝜎2 

follow the 𝑁𝑜𝑟𝑚𝑎𝑙 − 𝐼𝑛𝑣𝑒𝑟𝑠𝑒 − 𝜒2  distribution function. The values of the parameters for all 

experiments are as follows: 𝜂 = 10 , 𝜇0 = 0, 𝜅0 = 0.0001 , 𝜐0 = 1 



 

22 

 

Finally, 𝑙(𝑧) is the cluster assignment derived from the customer assignment for each locus in each 

level. For sampling from the posterior distribution, Gibbs sampling is used which is explained in 

the next section.  

Inference: Clonal tree of the tumor heterogeneity is found by posterior distribution inference on 

the path and level assignment of loci from single-cell and bulk sequencing data, which is shown 

by 𝑝(𝑐1:𝑀 , 𝑧1:𝑀|𝛾, 𝜂, 𝑓, 𝑡). The posterior is approximated with Collapsed Gibbs sampling by 

iterating between sampling level assignments and sampling paths: 

1) Sampling level assignments: 

 𝑝(𝑧𝑑,𝑛|𝑧−(𝑑,𝑛), 𝑐, 𝑉𝑑 , η, 𝑓, 𝑡) ∝ 𝑝(𝑧𝑑,𝑛|𝜂, 𝑓, 𝑡)𝑝(𝑉𝑑,1:𝑛| 𝑙(𝑧𝑑,1:𝑛), 𝑐) 

 

(6) 

𝑝(𝑧𝑑,𝑛|𝜂, 𝑓, 𝑡)  ∝  {𝑓(𝑡𝑖,𝑗) 𝑗 ≠ 𝑖𝜂          𝑗 = 𝑖 } 

 

 

𝑝(𝑉𝑑,1:𝑛| 𝑙(𝑧𝑑,1:𝑛), 𝑐)  ∝ ∏ 𝑝(𝑉𝑑,(𝑧𝑑,𝑘1𝑧𝑑,𝑘2)𝑢𝑛𝑖𝑞𝑢𝑒(𝑧𝑑,1:𝑛)
𝑘1,𝑘2 ) 

 

 

 where 𝑢𝑛𝑖𝑞𝑢𝑒(𝑧𝑑,1:𝑛) denotes a unique cluster of level assignment and 𝑣𝑑,1:𝑛=𝑘 is the loci 

assigned to the kth cluster. The details of 𝑝(𝑉𝑑,(𝑧𝑑,𝑘1𝑧𝑑,𝑘2)) calculation as the marginal likelihood of 𝑁𝑜𝑟𝑚𝑎𝑙 − 𝐼𝑛𝑣𝑒𝑟𝑠𝑒 − 𝜒2, are provided in the study of Baldassano [36]. 

2) Sampling path: 

 𝑝(𝑐𝑑|𝑐−𝑑 , 𝑤, 𝑧, 𝛾, η) ∝ 𝑝(𝑐𝑑|𝑐−𝑑 , 𝛾)𝑝(𝑤𝑑|𝑐, 𝑤−𝑑 , 𝑧, η) 

 

(7) 

𝑝(𝑐𝑑|𝑐−𝑑 , 𝛾) ∝ {|𝑛𝑖|      𝑗 ≠ 𝑖𝛾          𝑗 = 𝑖} 

 

 

𝑝(𝑤𝑑|𝑐, 𝑤−𝑑 , 𝑧, η) = ∏ 𝑝(𝑤−𝑑|𝑧𝑑,𝑘 , 𝑐−𝑑 , 𝜂)𝑚𝑎𝑥(𝑧𝑑)
𝑘=1= ∏ Γ(𝜙𝑧𝑑,𝑘,−𝑑(. ) + 𝑛)∏ Γ(𝜙𝑧𝑑,𝑘,−𝑑(𝑤) + 𝜂)𝑤

𝑚𝑎𝑥(𝑧𝑑)
𝑘=1  ∏ Γ(𝜙𝑧𝑑,𝑘,−𝑑(𝑤) + 𝜙𝑧𝑑,𝑘,𝑑(𝑤) + 𝜂)𝑤Γ(𝜙𝑧𝑑,𝑘,−𝑑(. ) + 𝜙𝑧𝑑,𝑘,𝑑(. ) + 𝑛)  
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In relation (7), 𝑝(𝑤𝑑|𝑐, 𝑤−𝑑, 𝑧, η)    calculates the probability that 𝑤𝑑 , the column d of matrix M, has 

created a specific path, and 𝑝(𝑐𝑑|𝑐−𝑑, 𝛾) computes its prior. The standard gamma function is shown 

by 𝛤 and 𝜙𝑧𝑑,𝑘,−𝑑(𝑤) denotes the number of SNVs which are assigned to the clone with index 𝑧𝑑,𝑘  

and are not in cell d.  
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Figures

Figure 1

please see the manuscript �le for the full caption



Figure 2

Schematic representation of combining single-cell and bulk sequencing data for clonal tree inference in
Conifer method. a) n×m matrix in which each row and column represents SNVs and cell, respectively.
White elements show no mutation and blue ones show mutation has occurrence. 1 and 0 with the red
font show false-positive and false negative (drop-out events), respectively. b) n×b matrix that its rows are
SNVs and its columns are bulk samples and B_ij is variant allele frequency in bulk samples. c) co-
occurred patterns of SNVs in single-cell pro�les which are determined by dashed rectangles. d) the clonal
tree and cell population attachment.



Figure 3

Comparison of mutation clustering accuracy in ddClone, B-SCITE, and Conifer methods for 100 clonal
trees simulated with 10 clones and 50 mutations. For λ = 1,5,10 and 1000. For single-cell data, 50
genotypes are extracted for each clonal tree. The number of bulk sequencing samples is 1 with coverage
10,000. The following errors are added to the single-cell set: the false-positive rate of 10^(-5), the false-
negative rate of 0.2, missing rate of 0.05, and doublet rate of 0.2.



Figure 4

Comparison of mutation clustering accuracy in ddClone, B-SCITE, and Conifer methods for 100 clonal
trees simulated with 6 clones and 50 mutations. For λ = 1,5,10 and 1000. For single-cell data, 50
genotypes are extracted for each clonal tree. The number of bulk sequencing samples is 1 with coverage
10,000. The following errors are added to the single-cell set: the false-positive rate of 10^(-5), the false-
negative rate of 0.2, missing rate of 0.05, and doublet rate of 0.2.



Figure 5

Comparison of mutation clustering accuracy in B-SCITE and Conifer methods for 100 clonal trees
simulated with 10 clones and 50 mutations. For λ equals 1,5,10 and 1000. For single-cell data, 50
genotypes are extracted for each clonal. The number of bulk sequencing samples is 2 with coverage
10,000. The following errors are added to the single-cell set: the false-positive rate of 10^(-5), the false-
negative rate of 0.2, missing rate of 0.05, and doublet rate of 0.2.



Figure 6

Comparison of mutation clustering accuracy in B-SCITE and Conifer methods for 100 clonal trees
simulated with 10 clones and 50 mutations. For λ equals to 1,5,10 and 1000. For single-cell data, 50
genotypes are extracted for each clonal tree. The number of bulk sequencing samples is 3 with coverage
10,000. The following errors are added to the single-cell set: the false-positive rate of 10^(-5), the false-
negative rate of 0.2, missing rate of 0.05, and doublet rate of 0.2.



Figure 7

The clonal tree distances of Conifer for 100 clonal trees simulated with 10,15 and 20 clones with 100
mutations For λ = 1,5,10 and 1000. For single-cell data, 100 genotypes are extracted for each clonal tree.
The number of bulk sequencing samples is 3 with coverage 10,000. The following errors are added to the
single-cell set: the false-positive rate of 10^(-5), the false-negative rate of 0.2, missing rate of 0.03, and
doublet rate of 0.2.



Figure 8

The clonal tree distances of Conifer for 100 clonal trees simulated with 10,15 and 20 clones with 100
SNVs for λ = 1,5,10 and 1000. 15 percent of SNVs are selected from copy number change regions. For
single-cell data, 100 genotypes are extracted for each clonal tree. The number of bulk sequencing
samples is 3 with coverage 10,000. The following errors are added to the single-cell set: the false-positive
rate of 10^(-5), the false-negative rate of 0.2, missing rate of 0.03, and doublet rate of 0.2.



Figure 9

Clonal evolution tree for CRC2 patient tumor data. For each SNV, three numbers are reported, from left, the
�rst and second numbers are the VAFs in colorectal tumor bulk sample and metastasis liver bulk sample,
respectively, and the third number is the frequency of that SNV in the single-cell sequencing data

Figure 10



Sample level and path for SNVs of cell d


